Anecdotal evidence and recent theoretical models argue that past stock returns affect subsequent stock trading volume. We study 3,000 individual investors over a 51 month period to test this prediction using linear panel regressions as well as negative binomial panel regressions and Logit panel regressions. We find that both past market returns as well as past portfolio returns affect trading activity of individual investors (as measured by stock portfolio turnover, the number of stock transactions, and the probability to trade stocks in a given month) and are thus able to confirm predictions of overconfidence models. However, contrary to intuition, the effect of market returns on subsequent trading volume is stronger. Using survey data of our investor sample, we present evidence that individual investors in our investor sample are unable to give a correct estimate of their own past realized stock portfolio performance. The correlation between return estimates and past realized returns is negative but insignificant. We argue that this finding might explain our results concerning the relation between past returns and subsequent trading volume. Furthermore, we support other studies that show that buy and sell transactions are driven by different factors. The main contributions of our paper are threefold: We present new tests of overconfidence models by analyzing a data set of individual investors using panel regression methodology, we are able to analyze which past returns affect trading volume, and we present an explanation based on an investor survey for the empirical finding that past market returns have a stronger impact on trading activity of individual investors compared to past portfolio returns. Abstract Anecdotal evidence and recent theoretical models argue that past stock returns affect subsequent stock trading volume. We study 3,000 individual investors over a 51 month period to test this prediction using linear panel regressions as well as negative binomial panel regressions and Logit panel regressions. We find that both past market returns as well as past portfolio returns affect trading activity of individual investors (as measured by stock portfolio turnover, the number of stock transactions, and the probability to trade stocks in a given month) and are thus able to confirm predictions of overconfidence models. However, contrary to intuition, the effect of market returns on subsequent trading volume is stronger. Using survey data of our investor sample, we present evidence that individual investors in our investor sample are unable to give a correct estimate of their own past realized stock portfolio performance. The correlation between return estimates and past realized returns is negative but insignificant. We argue that this finding might explain our results concerning the relation between past returns and subsequent trading volume. Furthermore, we support other studies that show that buy and sell transactions are driven by different factors. The main contributions of our paper are threefold: We present new tests of overconfidence models by analyzing a data set of individual investors using panel regression methodology, we are able to analyze which past returns affect trading volume, and we present an explanation based on an investor survey for the empirical finding that past market returns have a stronger impact on trading activity of individual investors compared to past portfolio returns.
Introduction
Practitioners claim and anecdotal evidence suggests that past stock returns affect stock market trading volume. For example, a report of Deutsche Bank Research on the crisis of the German online brokerage market argues that "the declines in the equity markets have severely curbed the trading activities of these investors, eroding the online brokers' chief source of income." However, these models are silent about the question which past returns affect trading volume: past stock market returns, past portfolio returns of individual investors, or both? Usually, only one risky asset is traded in theoretical models such that, in these models, past portfolio returns are 1 Deutsche Bank Research, E-conomics, No. 26, April 19, 2002, www.dbresearch.com. 2 Deloitte & Touche, Online Securities Trading 2001, www.deloitte.com. 3 See Section 3 for details about the investor sample. 4 See Section 2 for a discussion of overconfidence models.
equal to past market returns.
Figures 1 and 2 might be interpreted as evidence that past market returns affect the number of stock transactions of individual investors. Barber and Odean (2002) analyze a data set from a U.S. discount broker. They argue and find that high past portfolio returns induce individual investors to switch from phone-based to online trading. As a consequence, investors trade more subsequently. Statman, Thorley, and Vorkink (2004) find that market wide trading volume in the U.S. is related past market returns. To summarize so far, empirical evidence suggests that both market returns and portfolio returns affect trading volume.
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The main goal of our study is to analyze the question which past returns affect trading volume of individual investors more comprehensively. Do past own stock portfolio returns or market returns have a stronger impact on trading activity of investors? To do this, we study a panel data set of individual investors who have discount broker accounts over a 51 month period using various cross-sectional time-series regression models.
Our main results can be summarized as follows. Both past market returns as well as past portfolio returns affect trading activity of individual investors (as measured by stock portfolio turnover, the number of stock transactions, and the probability to trade stocks) and are thus able to confirm predictions of overconfidence models. However, contrary to intuition, the effect of market returns on subsequent trading volume is stronger. Using survey data of our investor sample, we present evidence that individual investors in our investor sample are unable to give a correct estimate of their own past realized stock portfolio performance. The correlation between return estimates and past realized returns is negative but insignificant. We argue that this finding might explain our results concerning the 5 See Section 2 for details. 6 We present an in-depth discussion of these empirical studies in Section 3. relation between past returns and subsequent trading volume. Furthermore, we support other studies that show that buy and sell transactions are driven by different factors.
Thus, the main contributions of our paper are:
• We present new tests of overconfidence models by analyzing a data set of individual investors using panel regression methodology,
• we are able to analyze which past returns affect trading volume, and
• we present an explanation based on an investor survey for the empirical finding that past market returns have a stronger impact on trading activity of individual investors compared to past portfolio returns.
The rest of the paper is organized as follows. The next section discusses related literature.
Section 3 describes our data set and the methodology we employ. Section 4 shows the results. Section 5 presents one interpretation of our results based on an investor survey.
The last section discusses our results and concludes.
Related Literature
Why should past stock returns affect trading volume? In this section, we discuss overconfidence models that are able to explain this link, more comprehensively.
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These theories argue that high returns make investors overconfident and as a consequence these investors trade more subsequently. Daniel, Hirshleifer, and Subrahmanyam (1998) propose a model 7 For an in-depth discussion of various overconfidence models, their main predictions as well as several empirical tests of these models see Glaser, Nöth, and Weber (2004) .
in which the degree of overconfidence, modeled as the degree of the underestimation of the variance of signals, is a function of past investment success. This modeling assumption is motivated by psychological studies that find biased self-attribution (see Wolosin, Sherman, and Till (1973) , Langer and Roth (1975) , Miller and Ross (1975) , Schneider, Hastorf, and Ellsworth (1979) ): People overestimate the degree to which they are responsible for their own success. Hirshleifer (2001) argues that "overconfidence and biased self-attribution are static and dynamic counterparts" 8 Benos (1998), Caballé and Sákovics (2003) , Kyle and Wang (1997) , Odean (1998b) , and Wang (1998) incorporate this way of modeling overconfidence in different types of models such as those of Diamond and Verrecchia (1981) , Hellwig (1980) , Grossman and Stiglitz (1980) , Kyle (1985) , and Kyle (1989) . These models predict that overconfidence leads to high trading volume. Odean (1998b) calls this finding "the most robust effect of overconfidence". As long as past returns are a proxy for overconfidence, these models postulate a positive lead-lag relationship between past returns and trading volume. The intuition behind this link is as follows. High total market returns make (some) investors overconfident about the precision of their information.
Investors mistakenly attribute gains in wealth to their ability to pick stocks. As a result they underestimate the variance of stock returns and trade more frequently in subsequent periods because of inappropriately tight error bounds around return forecasts. Gervais and Odean (2001) analyze the link between past returns and trading volume more formally. They develop a multiperiod model in which traders learn about their ability. This learning process is affected by biased self-attribution. The investors in the model attribute past success to their own abilities which makes them overconfident. Accordingly, the degree of overconfidence dynamically changes over time. They predict that overconfidence is 8 Hirshleifer (2001), p. 1549.
that "greater overconfidence leads to higher trading volume" and that "this suggests that trading volume will be greater after market gains and lower after market losses".
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However, it is important to note that Gervais and Odean (2001) analyze an economy in which only one risky asset is traded. Thus, in their model, the market return is identical to the portfolio returns of investors. Accordingly, the Gervais and Odean (2001) model makes no predictions about which past returns (market returns or portfolio returns) affect trading volume.
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Statman, Thorley, and Vorkink (2004) test the market trading volume prediction of formal overconfidence models using U.S. market level data. They find that market turnover, their measure of trading volume, is positively related to lagged market returns for months.
Vector autoregressions and associated impulse response functions indicate that individual security turnover is positively related to lagged market returns as well as to lagged returns of the respective security. Kim and Nofsinger (2003) confirm these findings using Japanese market level data. They identify stocks with varying degrees of individual ownership to test the hypothesis and discover higher monthly turnover in stocks held by individual investors during the bull market in Japan. Barber and Odean (2002) test the prediction of overconfidence models using a data set from a U.S. discount broker. They analyze trading volume and performance of a group of 1,600 investors who switched from phonebased to online trading during the sample period. They find that those who switch to 9 Gervais and Odean (2001), p. 2.
10 There is, however, another interpretation. Although the price increases are market wide, investors mistakenly attribute gains in wealth to their ability to pick stocks. The implicit assumption behind this is that market returns and portfolio returns are correlated. This is true for our data set. The correlation is positive (0.4714) and highly significant (p-value of p = 0.0000) but far from perfect. See Section 3 for details.
online trading perform well prior to going online and beat the market. Furthermore, they find that trading volume increases and performance decreases after going online. This finding is consistent with the prediction that high returns in the past make investors overconfident who, as a consequence, trade more subsequently. Barber and Odean (2002) thus conclude that "overconfident investors were more likely to go online and once online the illusion of control and the illusion of knowledge further increased their overconfidence.
Overconfidence led them to trade actively...".
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Our study differs from the above mentioned papers in the following dimensions: We study a panel data set of individual investors using cross-sectional time-series regression models.
Furthermore, we investigate whether market returns and portfolio returns have different impact on measures of trading activity and we are able to analyze which past returns have a stronger effect on volume. Moreover, we present an interpretation of our results using questionnaire data from our investor sample. Furthermore, our study is part of the empirical literature that tests the prediction of overconfidence models that overconfidence leads to high trading volume by analyzing trading decisions of private investors. Odean (1999) analyzes trades of 10,000 individuals with U.S. discount brokerage accounts. He finds that these investors reduce their returns by trading and thus concludes that trading volume is excessive -a finding which is consistent with overconfidence models. Barber and Odean (2001) use gender as proxy for overconfidence. In the paper, they summarize psychological studies that find a higher degree of overconfidence among men than among women. Thus, they partition their data set which consist of 35,000 households from a large discount brokerage house on gender and find that men trade more than women which is consistent with overconfidence models. Glaser 11 Barber and Odean (2002), p. 479. and Weber (2004) measure various facets of overconfidence of a sample of online broker investors using a questionnaire. Thus, they are able to link measures of overconfidence and measures of trading volume for this group of individual investors. One finding of their study is that investors who think that they have above average investment skills (but who do not have above average returns) trade significantly more.
More generally, our paper is part of the literature on how trading activity is influenced by past price patterns. Odean (1998a) finds that investors show a strong preference for realizing winners rather that losers. This finding is called the disposition effect, the tendency to sell winners too early and ride losers too long.
12 Kumar and Dhar (2002) analyze the impact of price trends on trading decisions of individual investors and classify these investors as momentum or contrarian investors. Barber and Odean (2003) find that individual investors are more likely to be net buyers of attention-grabbing stocks (e.g. stocks with extreme positive or negative price movements) than are institutional investors. They find that investors tend to be net buyers of both the previous day's big winners and big losers. Barber, Odean, and Zhu (2003) find that individual investors buy and sell stocks with strong past returns. Grinblatt and Keloharju (2000) analyze the extent to which past returns determine the propensity to buy and sell. They find that foreign investors in Finland tend to be momentum investors whereas domestic individual investors tend to be contrarians. Grinblatt and Keloharju (2001) find that investors are reluctant to realize losses and that past returns and historical price patterns, such as being at a monthly high or low, affect trading. Huddart, Lang, and Yetman (2003) examine the relation between a stock's weekly trading volume and aspects of the stock's past price series. They docu-ment a substantial increase in volume when a stock trades above the highest or below the lowest price attained during a 52-week benchmark period ending 20 trading days before the current week.
Data Set and Methodology
This study is based on the combination of several data sets. The main data set consists of 563,104 buy and sell transactions as well as monthly portfolio positions of 3,079 individual investors from a German online broker in the period from January 1997 to mid April 2001. We consider all investors who trade via internet, had opened their account prior to January 1997, and had at least one transaction in 1997.
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The second data set consists of demographic and other self-reported information (age, gender, income, investment strategy, investment experience), that was collected by the online broker at the time each investor opened her or his account. Data on the securities traded are obtained from Datastream, our third data source. Stock portfolio turnover in a given month is calculated as follows. We calculate the sum of the absolute values of purchases and sales per month for each investor and divide this sum by the respective end-of-month stock portfolio position. We calculate the monthly gross portfolio performance of each investor making the following simplifying assumptions. We assume that all stocks are bought and sold at the end of the month, and we ignore intramonth trading. Barber and Odean (2000) and Barber and Odean (2002) show that these simplifying assumptions do not bias the measurement of portfolio performance. The gross portfolio return R gr ht of investor h in month t is calculated as follows:
R it is the return of stock i in month t, S ht is the number of stocks held by individual h in month t, P it is the price of stock i at the beginning of month t, and n iht is the number of stocks of company i held by investor h in month t. w iht is the beginning-of-month-t market value of the holding of stock i of investor h divided by the beginning-of-month-t market value of the whole stock portfolio of investor h.
In Table 1 , we exclude investors with less than 5 turnover observations to calculate the average of the monthly stock portfolio turnover and we exclude investors with stock positions in 12 or fewer months to calculate the average of monthly stock portfolio performance.
With the help of the year in which the account was opened, we are able to calculate the age and stock investment experience in our panel data set.
14 For example, the age of an investor who has opened the account in 1996 with age of 39 is 41 years old in our panel data set in 1998.
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Our empirical model is specified as follows:
with • Trading Activity it : trading activity (i.e. stock portfolio turnover, number of stock transactions, probability to trade, number of stock purchases, number of stock sales) of investor i in month t.
• R m t : stock market return in month t.
• R p it : stock portfolio return of investor i in month t.
14 981 accounts have been opened in 1994, 651 accounts have been opened in 1995, and 1,447 accounts have been opened in 1996.
15 The exact date of birth is unavailable.
• x i : control variables that vary across investors, but are constant for investor i over time (such as gender).
• y it : control variables that vary across investors and over time (such as the stock portfolio value or age).
The separate analysis of buy and sell transactions is motivated as follows. There is evidence that buy and sell transactions are driven by different factors.
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An investor who wants to buy a security has the choice between thousands of stocks whereas a sell decision only requires an analysis of the usually very few stocks in the investor's own portfolio (assuming that investors do not sell short). Furthermore, when investors buy a security they should consider the future performance of the stock they want to buy whereas they often consider past performance when they choose a security to sell as studies on the disposition effect show.
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These studies suggest that there might be explanations for the decision to sell a stock, which are, for example, based on prospect theory (see Kahneman and Tversky (1979) ). Another motivation is given by Coval, Hirshleifer, and Shumway (2002) who ignore all sales of shares in their study of performance persistence of individual investors. They argue that sales are often not strongly driven by specific analysis of or private information about the sold stock. Liquidity needs, or the reversing of a position taken long ago in order to diversify may motivate many sales. In contrast, they argue that the purchase of a particular stock is a relatively clear indication that the investor expects that stock to outperform the market. To summarize, dynamic overconfidence models predict that past returns make investors overconfident and that this overconfidence induces investors to trade. We therefore conjecture that the effect of overconfidence, i.e.
16 See, for example, Odean (1999), p. 1294, and Barber and Odean (2003) . They analyze the determinants of the trading behavior of Finnish investors using Logit regressions. Dependent variable is a dummy variable that obtains the value of one when an investor sells a stock and zero when an investor does not sell a stock. They also include past return variables over various horizons. Besides past market returns they include, in contrast to our study, past market-adjusted stock returns. Thus, they are unable to measure the impact of past portfolio returns on the decision to sell. Another study that disentangles the influence of various past returns on measures of trading activity is the paper by Choe, Kho, and Stulz (1999) . They analyze the impact of past market returns and past individual stock returns on order imbalance of stocks traded by various investor groups in Korea (see Choe, Kho, and Stulz (1999) , Table 7 ). They do not include past portfolio returns in their regressions. Table 3 presents ordinary least squares regressions (regression (1)) as well as random (regression (2)) and fixed effects (regression (3)) panel regressions. Dependent variable is the logarithm of monthly stock portfolio turnover. Explanatory variables are stock market investment experience, a gender dummy, a warrant trader dummy, a high-risk investment strategy dummy, a retirement savings dummy, the logarithm of the monthly stock portfolio value as well as past stock market and portfolio returns (six lags). Section 3 and Table 2 present definitions of the variables. These explanatory variables are known to affect financial decision making.
Past Returns and Stock Portfolio Turnover
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We use the natural logarithm of the stock portfolio value and the trading volume measures as these variables are positively skewed. Tests show, that we thus avoid problems like non-normality, non-linearity, and heteroskedasticity in the regression analysis (see Spanos (1986), chapter 21, especially, pp. 455-456, Davidson and McKinnon (1993) , chapter 14, and Atkinson (1985) , pp. 80-81). We include the OLS regression results to obtain a first idea of the effect of our explanatory variables on turnover. Note, however, that the OLS estimator does not take into account that various observations come from the same individual, i.e. the OLS estimator does not consider the correlation across different error terms. Thus, the t-values are misleading. However, the OLS estimates are unbiased if the influence of omitted variables is uncorrelated with the included explanatory variables.
The main finding of this table (regressions (2) and (3)) is that both past market returns and past portfolio returns are significantly positively related to turnover at four lags.
However, the effect of past market returns is stronger. The coefficients and the t-values are higher. This result does not depend on whether we use random effects of fixed effects.
The high t-values are not surprising given the large number of observations. Grinblatt and
Keloharju (2001) present an in-depth discussion of this point in their study that is related to ours. They argue that "isolated t-statistics of less than three ... are unimpressive, even though such t-statistics represent statistical significance at the 1 percent level".
19 Table   3 shows that all past portfolio return variables with a lag greater than one have t-values below three.
We also find that stock market investment experience and age have a positive effect on turnover. Perhaps surprising, the turnover values of men are lower than those of women.
This contradicts the findings of Barber and Odean (2001) Note, that all time-invariant variables are eliminated from the fixed effects model (regression (3)). This is also true for the age variable as the difference between age and investment experience is a constant for each investor in our data set (see Section 3). The low number of observations is due to the fact that only 2,998 investors in our data set trade stocks. Furthermore, the self-reported age and investment experience variables are only available for 2,552 and 2,386 investors, respectively (see Table 1 for details). The omission of these two variables and the inclusion of the income variable do not alter our results concerning past returns and trading volume. Our results hold for different sets of explanatory variables (see Subsection 4.5 for details and further robustness checks).
In our data set, 61,399 monthly turnover observations have the value 0. Thus, these observations drop out when we calculate the logarithm of turnover. A widely used measure to avoid this problem is to transform turnover as the logarithm of (1 + turnover). Table 4 presents ordinary least squares regressions (regression (1)) as well as random (regression (2)) and fixed effects (regression (3)) panel regressions. Dependent variable is the logarithm of (1 + monthly stock portfolio turnover). The number of observations increases.
Again, we find that both past market returns and past portfolio returns are significantly positively related to turnover. As in Table 3 , the effect of past market returns seems to be stronger stronger. Note, however, that the adjusted R-squared values drop dramatically when the logarithm of (1 + turnover) is used as dependent variable. One interpretation of this finding might be that it is easier to explain the variation in the amount of turnover in a given month for a given investor compared to the investor's decision to trade at all in a given month. This observation motivates our Logit analysis of the determinants of the probability to trade in Subsection 4.3. Table 5 and Table 6 present ordinary least squares regressions (regression (1)) as well as random (regression (2)) and fixed effects (regression (3)) panel regressions. Dependent variables are the logarithm of the number of stock transactions and the logarithm of (1 + the number of stock transactions) in a given month, respectively. Explanatory variables are, again, stock market investment experience, a gender dummy, a warrant trader dummy, a high-risk investment strategy dummy, a retirement savings dummy, the logarithm of the monthly stock portfolio value as well as past stock market and portfolio returns (six lags).
Past Returns and the Number of Stock Transactions
The results are similar to those presented in the last subsection with a few exceptions.
Age is negatively related to the number of transactions and the stock portfolio value is positively related to the number of transactions. Again, both past market returns and past portfolio returns are significantly positively related to the number of transactions and the effect of past market returns is stronger. However, in Table 5 , only the first lag of the past portfolio return is significantly positive. Furthermore, the coefficient of lag 6 of the market return is significantly negative. This finding is consistent with Statman, Thorley, and Vorkink (2004) who find that a market turnover response as well as a security turnover response to a market return shock is positive for the first 6 months and turns (2000) who find that returns more than six months in the past have very little effect on the buy ratios of investors.
As the number of stock transactions has only non negative integer values, count data models are appropriate to analyze the data set. As the number of stock transactions is overdispersed (the variance (32,523) exceeds the mean (105)), Poisson regression models are inappropriate. The reason is that Poisson regression models assume equality of conditional mean and variance. We thus use negative binomial regressions (regression (1)) as well as random (regression (2)) and fixed effects (regression (3)) negative binomial panel regressions in Table 7 (see, for example, Winkelmann (2003) for details). Dependent variable is the number of stock transactions in a given month. In the negative binomial regression model, which is obtained by introducing unobserved heterogeneity into the Poisson model, the negative binomial distribution provides the probability of the number of event occurrences (number of transactions in our case). This distribution allows for overdispersion. The findings of Table 7 strengthen our previous results. Both past market returns as well as past portfolio returns affect trading volume but the effect for past market returns is stronger. Note, that in negative binomial fixed effects panel regressions, time-invariant variables do not drop out, as "random effects" and "fixed effects" refer to the distribution of the dispersion parameter (see, for example, Winkelmann (2003)). (2001), we also ran the less sensible OLS specification (linear probability model). The results are similar to those shown in Table 8 .
Past Returns and the Probability to Trade
Past Returns and Trading Volume: Purchases versus Sales
Tables 9, 10, 11, and 12 present the regression results of Subsections 4.2 and 4.3 separately for buy and sell transactions. The main result of thus subsection is: Past returns have different effects on buy and sell transactions whereas there are almost no differences in the impact of other variables on buy and sell transactions. We are thus able to confirm prior research (see Odean (1999) and Barber and Odean (2003) ). For example, Table   9 shows that past portfolio returns have a negative influence on the logarithm of the number of sales (regressions (5) and (6)). Note, that this finding does not contradict the disposition effect, as we analyze the influence of portfolio returns on the sell decision and not the return of a specific security on the decision to sell this specific security. Tables   10, 11 , and 12 show that only the last one or two lags of portfolio returns positively affect the sell decision whereas all six lag of past market returns positively influence buy transactions. Tables 9, 10 , 11, and 12 also show that the effect of past returns on buy transactions is stronger than their impact on sell transactions. We are thus able to confirm predictions of dynamic overconfidence models that the effect of overconfidence, i.e. the effect of past returns, is stronger when only buy transactions are considered.
Robustness Checks
In this subsection, we discuss various robustness checks. Our regression results are robust.
They hold for different sets of explanatory results. Especially, the omission of the investment experience and the age variable (which increases the number of observations) and the inclusion of the income variable (which decreases the number of observations) do not alter our main results. Furthermore, we ran regressions with different lag lengths. Past returns with lags larger than 6 have no or even negative effects on trading volume. The use of lag length 6 can be motivated by the study of Statman, Thorley, and Vorkink (2004) who find that a market turnover response to a market return shock is positive for the first six months and turns negative after month 6, but is indistinguishable from 0 (see Figure   2 , Panel b)) and by the study of Grinblatt and Keloharju (2000) who find that returns more than six months in the past have very little effect on the buy ratios of investors.
We also use different market indexes to capture market returns. Using different proxies for the market return does not change our main findings. When we control for potential autocorrelation (e.g. by including lagged trading volume or by running fixed and random effects linear regressions with AR(1) disturbances), our main results are similar.
From an Investor Survey
In this section, we present survey evidence on investors' ability to give an estimate of their own past realized stock portfolio performance. In August and September 2001, our investor sample received an email from the online broker with a link to an online questionnaire.
215 investor answered the questionnaire. Glaser and Weber (2004) show that there is no indication of a sample selection bias.
Among other questions which belong to another project (see Glaser and Weber (2004) is the way, the online broker presents returns. Usually, the online broker presents gains and losses (with the buying price as the reference point) for every stock in the portfolio separately which makes it difficult to estimate the monthly or yearly stock portfolio performance.
The results in this subsection might be related to the experimental literature that shows that individuals in general are poor at recalling price changes when compared to recalling prices. Andreasson (1988) finds in an experiment that errors recalling price changes were significantly larger than those made in recalling prices. He argues that subjects pay greater attention to prices than to price changes.
To summarize, the main result of this subsection is, that investors are unable to give a correct estimate of their own past realized stock portfolio performance.
Discussion and Conclusion
In this study, we analyze a panel data set of individual investors who have discount broker accounts over a 51 month period using cross-sectional time-series regression models to investigate the relationship between past returns and trading volume. We find that both past market returns and past portfolio returns affect trading volume of individual investors and are thus able to confirm predictions of overconfidence models. Contrary to intuition, at the time each investor opened the account.
Gender (dummy) Self-reported data collected by the online broker Dummy variable that takes the value 1 if the investor is male.
at the time each investor opened the account.
Age Self-reported data collected by the online broker Age of investor.
Retirement saving (dummy) Self-reported data collected by the online broker Dummy variable that takes the value 1 if the account is used for at the time each investor opened the account. retirement savings.
High risk (dummy) Self-reported data collected by the online broker Dummy variable that takes the value 1 if the investment strategy at the time each investor opened the account.
is characterized as high risk.
Warrant trader (dummy)
Transaction and portfolio data Dummy variable that switches to the value 1 if the investor trades warrants for the first time (in a given month) in the period form January 1997 to March 2001.
Number of stock transactions Transaction and portfolio data
Number of stock transactions (Sum in a given month).
Turnover Transaction and portfolio data
Stock portfolio turnover in a given month.
Stock portfolio value
Transaction and portfolio data Stock portfolio value in a given month.
Portfolio return
Transaction and portfolio data Stock portfolio performance in a given month.
Market Return Datastream
Return of the German market index DAX in a given month. (2)) and fixed effects (regression (3)) panel regressions. Dependent variable is the logarithm of the number of stock transactions in a given month. Explanatory variables are stock market investment experience, a gender dummy, a warrant trader dummy, a high-risk investment strategy dummy, a retirement savings dummy, the logarithm of the monthly stock portfolio value as well as past stock market and portfolio returns (six lags). Absolute value of t statistics are in parentheses. * indicates significance at 10%; ** indicates significance at 5%; *** indicates significance at 1%. (2)) and fixed effects (regression (3)) panel regressions. Dependent variable is the logarithm of (1 + the number of stock transactions) in a given month. Explanatory variables are stock market investment experience, a gender dummy, a warrant trader dummy, a high-risk investment strategy dummy, a retirement savings dummy, the logarithm of the monthly stock portfolio value as well as past stock market and portfolio returns (six lags). Absolute value of t statistics are in parentheses. * indicates significance at 10%; ** indicates significance at 5%; *** indicates significance at 1%. (2)) and fixed effects (regression (3)) negative binomial panel regressions. Dependent variable is the number of stock transactions in a given month. Explanatory variables are stock market investment experience, a gender dummy, a warrant trader dummy, a high-risk investment strategy dummy, a retirement savings dummy, the logarithm of the monthly stock portfolio value as well as past stock market and portfolio returns (six lags). Absolute value of t statistics are in parentheses. * indicates significance at 10%; ** indicates significance at 5%; *** indicates significance at 1%. (1) and (4)) as well as random (regressions (2) and (5)) and fixed effects (regressions (3) and (6)) panel regressions. Dependent variable is the logarithm of the number of stock purchases (regressions (1), (2), and (3)) and the logarithm of the number of stock sales (regressions (4), (5), and (6)) in a given month, respectively. Explanatory variables are stock market investment experience, a gender dummy, a warrant trader dummy, a high-risk investment strategy dummy, a retirement savings dummy, the logarithm of the monthly stock portfolio value as well as past stock market and portfolio returns (six lags). Absolute value of t statistics are in parentheses. * indicates significance at 10%; ** indicates significance at 5%; *** indicates significance at 1%. (1) and (4)) as well as random (regressions (2) and (5)) and fixed effects (regressions (3) and (6)) panel regressions. Dependent variable is the logarithm of (1+ the number of stock purchases) (regressions (1), (2), and (3)) and the logarithm of (1+ the number of stock sales) (regressions (4), (5), and (6)) in a given month, respectively. Explanatory variables are stock market investment experience, a gender dummy, a warrant trader dummy, a high-risk investment strategy dummy, a retirement savings dummy, the logarithm of the monthly stock portfolio value as well as past stock market and portfolio returns (six lags). Absolute value of t statistics are in parentheses. * indicates significance at 10%; ** indicates significance at 5%; *** indicates significance at 1%. (1) and (4)) as well as random (regressions (2) and (5)) and fixed effects (regressions (3) and (6)) negative binomial panel regressions. Dependent variable is the number of stock purchases (regressions (1), (2), and (3)) and the number of stock sales (regressions (4), (5), and (6)) in a given month, respectively. Explanatory variables are stock market investment experience, a gender dummy, a warrant trader dummy, a high-risk investment strategy dummy, a retirement savings dummy, the logarithm of the monthly stock portfolio value as well as past stock market and portfolio returns (six lags). Absolute value of t statistics are in parentheses. * indicates significance at 10%; ** indicates significance at 5%; *** indicates significance at 1%. (1) and (4)) as well as random (regressions (2) and (5)) and fixed effects (regressions (3) and (6)) Logit panel regressions. Dependent variable is Dependent variable is an indicator variable that takes the value 1 if the investor buys stocks in a given month and 0 otherwise (regressions (1), (2), and (3)) and an indicator variable that takes the value 1 if the investor sells stocks in a given month and 0 otherwise (regressions (4), (5), and (6)) in a given month, respectively. Explanatory variables are stock market investment experience, a gender dummy, a warrant trader dummy, a high-risk investment strategy dummy, a retirement savings dummy, the logarithm of the monthly stock portfolio value as well as past stock market and portfolio returns (six lags). Absolute value of t statistics are in parentheses. * indicates significance at 10%; ** indicates significance at 5%; *** indicates significance at 1%. J a n -9 7 M a r -9 7 M a y -9 7 J u l -9 7 S e p -9 7 N o v -9 7 J a n -9 8 M a r -9 8 M a y -9 8 J u l -9 8 S e p -9 8 N o v -9 8 J a n -9 9 M a r -9 9 M a y -9 9 J u l -9 9 S e p -9 9 N o v -9 9 J a n -0 0 M a r -0 0 M a y -0 0 J u l -0 0 S e p -0 0 N o v -0 0 J a n -0 1 M a r -0 1 J a n -9 7 M a r -9 7 M a y -9 7 J u l -9 7 S e p -9 7 N o v -9 7 J a n -9 8 M a r -9 8 M a y -9 8 J u l -9 8 S e p -9 8 N o v -9 8 J a n -9 9 M a r -9 9 M a y -9 9 J u l -9 9 S e p -9 9 N o v -9 9 J a n -0 0 M a r -0 0 M a y -0 0 J u l -0 0 S e p -0 0 N o v -0 0 J a n -0 1 M a r -0 1 
